Abstract
Introduction
Governments around the world are making large investments in technology in education programs. There is mounting research on the effects of these programs on learning in core subjects such as Math and Language (for example, Cheung and Slavin, 2013) . However, many programs are mainly intended to develop students digital skills, that is, on preparing students to effectively use technology in their lives.
2 Public programs that provide one personal laptop to each student have shown sizable positive effects on digital skills (Malamud and PopEleches, 2011; Mo et al., 2012) . However, these programs might be too costly for many countries. 3 Alternatively, providing shared computer access at schools might give students sufficient technology exposure at a fraction of the cost. Yet, there is little evidence of the effects of such less expensive programs on the development of digital skills.
This paper examines whether moderate increases in school computer access affect students' digital skills. Additionally, we assess effects on test scores in Math and Language.
The methodology exploits cross-sectional variation in computer access across secondary schools in Peru. This variation might be correlated with a host of important variables, raising the possibility of biased estimates. We tackle this challenge in two steps. First, we focus the analysis on public, urban and large schools. Avoiding comparing dissimilar schools, such as private and public schools, may reduce the expected correlation in computer access and baseline outcomes. Second, we exploit administrative data to generate, through propensityscore matching, two groups of schools with similar educational inputs other than computer access. This matching exercise is implemented within departments to ensure that comparisons are done across students living in the same geographical areas. We proceed to collect extensive data from 202 selected schools on characteristics of students, teachers, and principals, computer access and use, digital skills and test scores in Math and Language.
Finally, we estimate effects by comparing average outcomes between schools with high computer access per student (treatment group) and those with low access (comparison group).
As expected given how schools were selected, results generated from the data collected confirm that schools in the treatment group have more intensive access to technology resources. On average, treatment schools had 12 more computers and were 24
percentage points more likely to have Internet access compared with those in the comparison group. Also, treatment schools had increased availability of computer labs and technology coordinators (20 and 27 percentage points differences, respectively). Results indicate significantly positive effects of increased school computer access on students' digital skills of about 0.3 standard deviations (t-ratio 4.8). There is no evidence of effects on Math and
Language. Results are robust to the inclusion of student, teacher and principals controls.
Consistent with these estimated effects on outcomes, we show that growth in computer access translated to increases in computer use only for teaching digital skills. Students in the treatment group spent 0.8 more hours per week learning digital skills (t-ratio 3.8) and there were no effects on the time used for Math and Language. This consistency between results on time use and skills suggest that the estimates indeed correspond to causal effects.
The identification assumption of the paper is that the treatment and comparison groups, in the absence of differences in computer access, should be similar in all dimensions.
Propensity-score matching techniques should generate treatment and comparison groups balanced in the administrative variables used to predict treatment. However, these sets of schools could differ significantly in other dimensions not measured in administrative records.
For example, treatment schools not only have greater access to computers but also cater to more affluent students, have better teachers and more effective principals. This possibility would introduce bias into the estimation of treatment effects. Because we collected rich data on students, teachers and principals, after creating the treatment and comparison groups, we can explore the validity of the identification strategy in depth. We can check balance in dimensions not used in the matching exercise. In short, we use administrative data to generate a suitable comparison group and primary data to check the identification strategy and estimate effects.
Extensive balancing tests provide supportive evidence to the identification strategy followed. Students in the two groups present similar socio-demographic characteristics such as age, sex, parents' education and home assets. For example, 49 percent of treatment students' mothers hold high school degrees compared with 47 percent in the comparison group (66 percent versus 64 percent for students' fathers). Similarly, the mean difference in students' age across groups is only 0.05 years (14.64 versus 14.69). Also reassuringly, teachers and principals present similar socio-demographic characteristics, educational background and experience. Still, it is well established that identifying treatment effects with cross-sectional variation requires strict assumptions that might not hold in practice (LaLonde, 1986) . Therefore, the results presented should be interpreted as suggestive, and more robust evidence should be generated to confirm their validity.
This paper mainly contributes to the emerging literature documenting the effects of expanding computer access on digital skills. 4 As noted, the available literature has analyzed the effects of programs that have provided personal computers to students. Fairlie (2012) studies the impact of a program for college students and finds a 17 percentage point increase in self-reported computer mastery. Malamud and Pop-Eleches (2011) To benchmark the magnitude of the effects estimated in our study we can compare them to those from the studies of Malamud and Pop-Eleches (2011) and Mo et al. (2012) , who measure effects on a similar outcome measure (digital skills in a Windows environment expressed in standard deviations). The estimated effects are similar (around 0.3 standard deviations), suggesting that programs that provide shared access to computers in schools might generate similar effects compared with those that provide personal laptops. However, as mentioned, programs that provide shared access in schools will be significantly less expensive in monetary terms. In this evaluation, treatment schools have, on average, 12 additional computers shared among about 500 students (namely, 1 computer per 40 students), compared with the 1-1 ratio involved in programs distributing personal laptops. However, a 4 It also contributes to the emerging literature on the effects of increasing computer and internet access in schools in test scores in Math and Language (Angrist and Lavy, 2002; Barrera-Osorio and Linden, 2009; Cristia et al., 2012; Goolsbee and Guryan, 2008; Machin, McNally and Silva, 2007) . A related literature has analyzed the effects of specific software on these outcomes (Banerjee et al., 2007; Barrow, Markman and Rouse, 2009; Dynarski et al., 2007; He, Linden and MacLeod, 2008; Linden, 2008; Rouse and Krueger, 2004) .
comprehensive analysis should consider all associated costs and that models of shared computer access at the school for acquiring digital skills will demand class time, reducing its potential use for core subjects.
The rest of the paper is organized as follows. Section 2 briefly describes how technology has been introduced into public secondary schools in Peru. Section 3 presents the research design including the administrative and primary data used, the matching procedure and the empirical models estimated. Section 4 reports results on computer time use, digital skills and academic achievement, and Section 5 concludes.
Technology in Public Secondary Schools in Peru
Prior to 1996, there had been limited efforts to promote technology access and use in public schools in Peru. Between 1996 and 2001, several small-scale independent programs, mainly targeting secondary schools, were launched. These programs funded some technology resources (hardware, software, training and support) and required some investments from participating schools to be included in the program. These investments were typically funded by parents, private donations or other (non-public) sources of funding. This requirement promoted ownership and sustainability of the investment but at the expense of poor targeting (large public urban schools in more affluent areas received more resources). In this context, computers were mainly used for acquiring digital skills, for browsing the web, and for communication purposes.
In 2001, a highly publicized national technology in education program, Proyecto Huascarán, was launched. Its objective was to increase the quality of the education sector by incorporating the use of technology in the learning process. The program mainly targeted secondary schools although some primary schools were also covered. Schools selected into the program received hardware, software (Microsoft Office applications and digital media but not interactive software) and teacher training, and they were prioritized to receive Internet access. In addition, the program funded "innovation room coordinators" assigned to some schools. These individuals, trained in information technology and pedagogy, were responsible for ensuring the effective use of computer labs in subject areas. They were also expected to organize training sessions in the schools to contribute to the development of subject teachers' and principals' digital skills. This structure suggests that the program sought to incorporate the use of computers into core-subject teaching and not just enhance computer skills.
Regarding the procedure employed to select schools into the Huascarán program, interviews with former government officials suggest that there were some guidelines, but no strict protocol. Eligible schools had to be public and they should not have been covered by previous governmental programs (data checks showed that both requirements were always fulfilled 
Research Design

Administrative Data
The administrative data used in the study are produced by the Peruvian Ministry of Education from yearly school censuses. Coverage is high, and the yearly non-response rate hovers around 3 percent. Information is available on the following characteristics: location, private or public status, the year the school opened, enrollment per grade, gender and overage status, number of sections per grade, number of teachers and administrative staff, repetition and dropout rates, physical infrastructure, textbooks, number of computers, the presence of a network connection, Internet access and the existence of a computer lab. In the analysis, the data used correspond to the year 2006. A few variables are not available from that year, in which case data from previous years are used.
We construct a measure of computer access for each student at a school (Student ICT Potential Access or SIPA), a linear transformation of the student-computer ratio computed as:
where s indexes the school. SIPA represents the average number of hours per week that students would use computers if they were used continuously during class time and shared between two students (students spend about 25 hours in school per week). Therefore, it expresses technology access in weekly hours that computers could be used. For example, in a school with 10 computers and 500 enrollees, if computers were used continuously by pairs of students, the average student would use them 1 hour per week (10/500*2*25=1 (Cristia, Czerwornko and Garofalo, 2013) .
Sample Construction
This papers aims to estimate the effects of increased technology access on digital skills and academic achievement. Generating plausible estimates of this causal relationship in a nonexperimental setting involves dealing with the fact that computer access may be correlated with other factors affecting the outcome variables. We tackle this problem by collecting data from two groups of schools similar in observed characteristics but different in technology access. The procedure followed to construct the sample is described next.
We begin with schools that participated in the annual surveys conducted by the
Ministry of Education between 2001 and 2006, identifying public urban secondary schools
with 20 or more students in their third year. This simple include 2,333 schools. We further restrict the sample to three departments, Lima, Puno and Ancash, to reduce the geographical dispersion of the data collection process and survey costs (N=831 Column 3 documents that there are several statistically significant differences among these groups. High SIPA schools tend to have lower enrollment and fewer students per teacher; they are also less likely to have an assistant principal and more likely to have libraries, as well as tend to be older. These differences motivate the use of propensity-score matching techniques to balance observable covariates across groups. Therefore, we proceed to predict treatment (namely, high SIPA) using a logistic regression and including the 20 variables presented in the top panel of Table 1 as controls (linearly and squared), the cross-interactions between four key variables (number of years operating, total enrollment, student-teacher ratio, Internet booth in the town), department dummies and interactions among the four mentioned variables and department indicators. We empirically explored including different sets of covariates, estimating separate regressions for each department, but balancing tests suggested that the chosen specification outperformed the alternatives analyzed.
We matched schools in the treatment and comparison groups by their predicted propensity score using nearest neighbor matching without replacement and applying a caliper of 0.02. As mentioned, we implemented the matching process within departments to ensure that treatment effects were estimated by comparing schools in similar geographical areas. The resulting sample included 282 schools, consisting of 141 pairs of matched schools. We provided this list of schools to a specialized survey firm with the instruction of targeting pairs of matched schools. If it was not possible to survey a school (because of its location or for failure to obtain permission to apply the instruments), the pair was dropped. In addition, the firm was instructed to collect data from about 140 schools in Lima, 30 in Ancash and 30 in
Puno. The final sample of matched surveyed schools contains 202 schools, consisting of 101 pairs.
7 6 Alternatively, schools could have been assigned to just two groups of low and high SIPA defined by the median value. However, in this case mean SIPA for the treatment group would have been reduced to 2.05. 7 There were few instances of refusals to participate in the survey by schools. Therefore, the survey firm tended to target schools clustered geographically to reduce data collection costs. Because the firm had to collect data from complete pairs of matched schools these decisions should not affect the composition of treatment and comparison groups. We document few differences in observable characteristics between the 282 "matched" and Columns 4 to 6 in Table 1 
Primary Data
Primary data were collected in the 202 matched schools in November 2008. A third-grade class was randomly selected within each school, and questionnaires were administered to students, teachers, principals, and technology coordinators. A total of 4,897 students were surveyed, 50.3 percent of whom attended treatment schools.
The central outcome for this paper is a measure of students' digital skills. We applied a technology competence test intended to capture students' skills to use computers effectively.
The test was developed by experts from the Measurement Center of the Pontifical Catholic
University of Chile with strong experience in the design and application of psychometric tests. 8 The test was a paper-based instrument that aimed to simulate the use of a computer presenting screen shots and asking students how to perform certain tasks. Although it would have been desirable to have applied a computer-based exam, this was not feasible because some participating schools did not have the required resources. Therefore, a significant effort was exerted to generate a valid and reliable instrument to measure students' digital skills.
the 202 "matched and surveyed" schools, with the exception that the former tended to have lower average enrollment (459 versus 508, respectively). 8 http://www.mideuc.cl. Students were also evaluated in Math and Spanish. These tests were designed for the study using public items developed by the office in charge of designing and applying standardized achievement tests in the Ministry of Education of Peru (Unidad de Medicion de la Calidad). Additionally, students completed a self-administered questionnaire that collected demographic data, computer access and use at home, and information on computer availability and general use at school. In each class, students were randomly assigned to one of three groups. One group of students had to complete an additional section that collected information about the extent and type of computer use in Math. The second and third group had to complete similar sections on the use of computers in their Language and technology classes.
Math, Spanish, and technology teachers of the selected students were also surveyed. 
Empirical Models
Using the sample of matched and surveyed schools, we run OLS regressions to estimate mean 
Results
Checking the Identification Strategy
The empirical strategy, if successful, should have generated two sets of schools with different levels of access to technology but that are similar in several dimensions correlated with educational outcomes. In this subsection we test these two conditions.
We start by examining differences in technology access between treatment and comparison schools using the data collected for the study ( We now turn to the second condition required for our empirical strategy: for schools in the treatment group to be similar to those in the comparison group in relevant dimensions. To provide evidence of this issue, we examine a range of characteristics of students, teachers and principals. Table 3 shows that treatment and comparison students have similar demographic characteristics and home assets. In terms of technology access, students in the treatment schools are slightly more likely to have a computer at home (33 percent versus 28 percent, tratio 1.93). However, there is not a significant difference in computer access when finishing primary school, which suggests that having greater access in secondary schools might have 11 Regarding general computer skills, teachers and principals answer whether they could do the following 8 tasks: produce a letter, send an attachment, take pictures and show them in the computer, save documents in folders, create a budget or student list in a spreadsheet, participate in Internet discussions, produce a simple presentation and use the Internet to buy online.
caused some families to invest in computers at home. Note that because of the large sample size (4,897 students in 202 schools) we can estimate mean characteristics and differences across groups precisely. Tables 3 to 5 indicates that treatment students, teachers and principals are similar to their counterparts in comparison schools. This provides further validity to the empirical strategy adopted and suggests limited potential bias in estimates of causal effects on outcomes presented next. Therefore, we tentatively interpret differences in outcomes across groups as evidence of the effects of greater technology access.
Effects on Computer Use
This subsection explores whether increased technology access in treatment schools has translated into higher use, and, specifically, for what subjects. Table 6 shows the number of weekly hours of computer time use reported by students, both at school and outside school.
Results indicate large effects of computer access on total use at school, though the increase is concentrated on teaching digital skills. Treatment students spend about 2.1 hours per week using computers at school compared with 1.0 hours for comparison students (t-ratio 5.15).
However, there are no differences in computer time use in Math or Language classes across groups. The average time spent using computers to learn Math or Language is low and virtually identical in treatment and control schools (0.3 hours per week). In contrast, the time devoted to teaching digital skills is significantly higher in treatment schools versus comparison schools (1.6 versus 0.8, respectively). Consistent with the few differences in students' characteristics documented earlier, particularly for home technology access, there is no difference in the time spent using computers outside school.
Combining the estimates about total computer time use in school with information about SIPA, we can get a rough estimation about the fraction of time that computers are actually used. For treatment schools, computers seem to be used about 72 percent of the time (2.1 hours used / 2.9 hours of potential use). The corresponding estimate for comparison schools is 77 percent (1.0 / 1.3). These estimates should be interpreted with caution, as there are strong assumptions underlying these estimates including that computers are always shared by two students, that information reported by students about time use is accurate and that use by third-graders is representative for all students in the school. In short, increased access to technology resources in treatment schools has led to more time spent using computers to learn digital skills, with no effects on the time used to learn Math or Language. These findings are consistent with experimental evidence from Colombia.
The evaluation of the "Computadoras para Educar" program showed that increased school computer access produced an increase in the time devoted to learning digital skills with no effects on computer use in Math or Language (Barrera-Osorio and Linden, 2009).
One potential explanation for these results is that subject teachers, on average unprepared to effectively incorporate technology into instruction, decide not to increase the time spent using computers when facing an expansion of computer access. In fact, in comparison schools less than 30 percent of computer time was spent in teaching Math and
Language. This suggests that subject teachers in comparison schools may not have been constrained in their use of computers because of low access levels. In economic terms, possibly, the binding constraint for the use of technology in core subjects would be low demand by teachers rather than limited supply. If so, to achieve increased technology use in core subjects, more guidance to teachers about how to effectively use these resources might be needed rather than expansion in computer access. Additionally, investments in digital content can be expected to contribute to increasing demand for and effectiveness of computer use.
Effects on Digital Skills and Academic Achievement
This subsection explores whether the differential access to technology inputs generates effects in digital skills and academic achievement. In theory, schools with higher levels of technology inputs could have higher learning in Math and Spanish through two channels. First, if instruction time when using computers generates more learning than traditional instruction, we would expect schools with increased access to computers to generate more learning, provided there is an increased use of computers for the particular subject. Treatment schools have more available instruction time with computers but, as documented above, it does not translate into increased use in Math and Spanish lessons. Therefore, we do not expect that treatment schools will enjoy higher learning in these subjects through this channel. Second, even if the time used in treatment and comparison schools were equal, there could be effects generated through higher "computer use productivity" in the treatment group. The instructional time using computers could be similar, but learning might be faster in treatment schools because of a better use of the available technology resources. However, we do not expect impacts through this channel because we have already documented that teachers in the treatment group seem similarly prepared (or unprepared) to integrate technology in the classroom. Additionally, computer time spent in core subjects is so low that the difference in productivity would have to be implausibly large to generate measurable impacts.
Given that we have documented that increased technology access translates into increased use in teaching digital skills, we would expect to document positive impacts on digital skills in treatment schools. However, note that the increase in average total time devoted to computer use, inside and outside schools, seems to have moderately increased (8.5
versus 7.0 weekly hours for treatment and comparison students, respectively). The additional use that students enjoy at school might not generate increased digital skills if there are decreasing returns of computer use to digital skills partially because the software used in school and outside school are similar. Therefore, whether increased access to computers in schools for the treatment group translates into better digital skills is an empirical question.
We test these hypotheses by estimating OLS regressions of test scores in Math, Spanish, and digital skills on a treatment indicator. Column 1 in Table 8 presents the results without controls. As expected, we find no impacts in Math and Language. However, we do find statistically significant positive impacts on digital skills. Students in the treatment group outperformed those in comparison schools by 0.31 standard deviations. Columns 2, 3 and 4 report estimated effects when progressively controlling for student, subject teacher and principal characteristics. 13 Adding these controls greatly reduces the standard errors, though there are limited changes in estimated coefficients. Focusing on effects on digital skills, the regression that includes all controls yields a virtually identical coefficient (0.31 standard deviations,) though the standard error decreases to 0.06 (t-ratio 4.8). The robustness of results across specifications provides further evidence for the validity of the empirical strategy followed.
The results presented suggest that increased technology inputs in schools can be used successfully to reduce differences in digital skills that might exist in the population. Such differences could be associated with differential access to and use of computers by individuals of different socioeconomic status (the so-called "digital divide"). From a policy perspective it is relevant to know whether there is heterogeneity of impacts across different individuals to maximize effects through optimal program targeting. Hence, we next explore whether there are heterogeneous effects on digital skills across groups.
13 Controls for students, teachers and principals characteristics included in the regressions are presented in Tables  3, 4 and 5, respectively. Access to computers and Internet at home are not included as controls in regressions because they may be affected by computer access at school. Table 9 presents evidence regarding differential impacts by three dimensions: access to home computers before entering secondary school, gender and mother's education. We do not find statistically significant evidence of differential impacts. However, the results document the extent of the digital divide in this context. Students with computers at home before entering secondary school outperformed those without computers by 0.27 standard deviations.
Additionally, results indicate that being male is associated with a 0.12 standard deviation advantage, while having a mother with a high school diploma is associated with a 0.22 standard deviation increase. These results can be used to benchmark the estimated effects on digital skills. The small increases in shared computer access documented in treatment schools produced a positive effect of 0.31 standard deviations, larger than the documented differences across students different baseline computer access, gender and mother's education.
Conclusions
This paper studies whether increases in technology inputs in secondary schools in Peru translate into more hours of use of these resources in Math, Language and technology and into learning in these areas. To this end, we applied matching techniques to rich administrative census data for public urban schools to generate two sets of schools that are different in technology access but similar on observable educational inputs. Next, we collected primary data on these schools and verified that the empirical strategy followed achieved both stated objectives. Schools in the treatment group have more than double the number of computers than the comparison group (23 versus 11), increased Internet access (24 percentage points) and increased availability of computer labs and technology coordinators (20 and 27 percentage points, respectively). We also document that important characteristics at the student, teacher and principal levels are well balanced across groups.
We found that increased access to computers in the treatment group translated into increases in time used to teach digital skills, but no increases are found in computer time devoted to Math and Language. Consistent with the findings on use, we find no impacts for Math and Spanish but large effects on digital skills. The estimated impacts are sufficiently large to more than compensate for reductions in test scores in technology associated with not having a computer at home before entering secondary school, being female or having a mother with less than high school.
These results should be interpreted as suggestive rather than conclusive. We have provided several pieces of evidence that suggest the validity of the empirical strategy followed. However, it is important to recognize that this paper exploits only existing crosssectional variation in computer access, which might be associated with other (not observable) determinants of educational outcomes. Further evidence, from randomized experiments, is warranted before providing prescriptive policy recommendations to countries desiring to use technology to improve educational outcomes. (1), (2), (4) and (5) presents means. Columns (3) and (6) presents t-ratios from regressions of the variable on a treatment dummy. Significance at the one and five percent levels is indicated by ** and *, respectively. Tables 3, 4 and 5, respectively. Access to computers and Internet at home are not included as controls in regressions because they may be affected by computer access at school. All tests have been normalized subtracting the mean and dividing by the standard deviation of the comparison group. Standard errors, reported in brackets, are clustered at the school level. Significance at the five and ten percent levels is indicated by ** and *, respectively. Tables 3, 4 and 5. Access to computers and Internet at home are not included as controls in regressions because they may be affected by computer access at school. All tests have been normalized subtracting the mean and dividing by the standard deviation of the comparison group. Standard errors, reported in brackets, are clustered at the school level. Significance at the five and ten percent levels is indicated by ** and *, respectively.
